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Abstract. We study reward design for prosocial behaviour in multi-
agent reinforcement learning (MARL) under a social-dilemma setting.
In an apple-harvesting environment where agents must both harvest ap-
ples and clean a river to sustain yields, we compare four schemes: in-
dependent rewards, fully shared team rewards, fractional team rewards,
and an inequality-aware diminishing-returns shaping. Independent re-
wards induce over-harvesting and under-provision of cleaning, collapsing
group productivity. Shared rewards achieve high total output via divi-
sion of labour but produce large disparities in individual payoffs. Frac-
tional team rewards fail to correct incentives: because self-harvesting
strictly dominates spillovers from teammates, agents continue to priori-
tise harvesting over cleaning. In contrast, the inequality-aware shaping
performs strongly: agents harvest greedily at first, then cross a utility
threshold and reallocate effort to cleaning, which raises group produc-
tivity and the marginal scope for individual gains. This scheme nearly
matches the shared-reward baseline in total apples while maintaining
low inequality. Our contributions are: (i) an empirical demonstration of
the efficiency—equity trade-off inherent in standard reward extremes, (ii)
framing inequality as a controllable dimension of MARL objectives, and
(iii) practical reward designs that encourage reciprocity and public-good
provision. We discuss implications for training prosocial agents in larger-
scale systems, including language agents, robots, and mixed human—AI
teams.
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1 Introduction

Reinforcement learning (RL) has emerged as a powerful paradigm for training
agents to make sequential decisions in complex environments (42). After a period
of doubt in the utility of the field to real-world settings (11), interest in RL has
resurged, driven in part by its central role in aligning large language models
(LLM) with human feedback (3) and by advances in high-fidelity simulators that
enable scalable data generation in robotics and related fields (28). As Al systems
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become increasingly agentic (i.e. able to act autonomously to achieve goals), they
will more frequently encounter and interact with other agents. In such multi-
agent settings, coordination and cooperation become essential concerns (18).
If future AI systems are to function harmoniously alongside one another and
with humans, they must not only be capable of optimising individual objectives
but also of exhibiting prosocial behaviour: seeking win—win outcomes whenever
possible and being aware of the social consequences of their actions.

Multi-agent reinforcement learning (MARL) (1) naturally gives rise to ten-
sions between individual and collective incentives, especially in social dilem-
mas (26) exemplified by the “tragedy of the commons” (34; 35). Conventional
reward engineering in MARL sits at two extremes. On one end, fully independent
rewards (each agent is rewarded solely for its own achievements), which often lead
to short-sighted behaviour that is individually rational yet collectively harmful.
On the other end, fully cooperative team rewards (every agent receives the same
payoff based on team performance), which can improve collective outcomes but
conflate credit assignment (33) and may conceal or even exacerbate inequities
in contribution and payoff across agents (22). In contexts where fairness and
equality matter, large disparities in individual returns can be undesirable, even
if the aggregate outcome is high (50). This raises a central challenge: how can we
design reward schemes that maximise efficiency gains while mitigating inequality
among agents?

We investigate this question in a stylised but illustrative MARL environment:
an apple-harvesting game called CleanUp in which a river must be kept clean for
the orchard to remain productive (22). Agents can either be harvesting apples
or cleaning the river; doing both tasks is necessary for sustained success. This
setting manifests a classic social dilemma: harvesting yields immediate private
benefit, while cleaning creates a positive externality that enables future harvests
for all. Our initial experiments mirror intuition. Under independent rewards for
picking apples, agents over-exploit the environment and under-provide cleaning,
leading to a polluted river and a collapse in team yield. Under a fully shared team
reward, the group achieves markedly higher overall return, typically by settling
into a division of labour where some agents specialise in harvesting while others
specialise in cleaning. However, this cooperative solution frequently produces
substantial inequality in per-agent returns, with cleaners receiving much less
reward than harvesters despite their essential contribution to team success.

To reconcile this tension between efficiency and equity, we study two reward
shaping techniques intended to promote prosocial behaviour without sacrificing
collective performance. First, we propose fractional team rewards: in addition to
the primary reward an agent receives when it personally harvests an apple, each
agent receives a smaller "fractional" reward whenever any teammate harvests.
Intuitively, this scheme partially integrates teammates’ benefits, encouraging
reciprocity and coordination while preserving incentives for individual effort.
Second, we explore an inequality-aware shaping scheme inspired by diminishing
marginal utility (29). Here, the marginal value of additional apples decreases
as an agent’s cumulative harvest grows (especially relative to its peers) so that
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agents who are already far ahead discount further gains and are nudged toward
contributing to public goods (e.g., cleaning), while agents who are behind value
marginal harvests more. Both designs aim to maintain high team output while
reducing disparities in individual outcomes.

We present a pilot empirical study comparing independent rewards, fully
shared team rewards, fractional team rewards, and inequality-aware diminishing
returns in the CleanUp environment. We evaluate each scheme along two axes:
group productivity (measured by the total number of apples collected) and the
inequality of outcomes across agents. Consistent with our intuition, independent
rewards yield poor collective performance; fully shared rewards substantially
improve total yield but often exhibit high inequality at the agent level. Further-
more, our experiments show that fractional team rewards do not remedy this,
because an apple collected by oneself still dominates the smaller reward from
a teammate’s harvest, and agents therefore continued to prefer self-harvesting
over cleaning. By contrast, the inequality-aware diminishing returns performed
very well. Early on in training, agents began by harvesting greedily, but once
their personal return crossed a certain threshold, they suddenly shifted effort
toward cleaning, which raised team productivity and, in turn, the scope for in-
dividual gains. This scheme nearly matches the shared reward in total output
while keeping inequality very low. Together, these results suggest a promising
path toward training prosocial agents that are both collectively effective and
individually fairer.

Our contributions are threefold. First, we provide a clear empirical demon-
stration of how standard reward extremes (fully independent and fully coop-
erative) trade off efficiency and equity in a concrete social dilemma. Second,
we highlight inequality as a salient and measurable dimension of multi-agent
outcomes, complementary to aggregate performance, and show that it can be
meaningfully influenced through reward shaping. Third, we introduce and evalu-
ate two practical reward schemes—fractional team rewards and inequality-aware
diminishing returns—that promote coordination and reciprocity while mitigat-
ing disparities in payoffs. While our study is deliberately simple, we believe it
uncovers design principles that can inform the training of larger-scale agentic
systems, spanning LLM agents (19), robots (44), and mixed human—AI systems
like self-driving cars (7).

The remainder of the paper is organised as follows. We first review back-
ground on RL and MARL, together with relevant notions from game theory and
economics related to social welfare and inequality. We then discuss related work
on prosocial RL, reward shaping, and cooperation in social dilemmas. Next, we
present our experimental environment and methods, detailing the two proposed
reward designs and how they are instantiated. We report experimental results
and analyses, before finally concluding by summarising key findings, limitations,
and directions for future work.
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2 Background

Reinforcement learning. We model sequential decision making as a Markov de-
cision process (MDP) (21) (S, A, P, r,~), defined as a tuple of states S, actions,
A, transition dynamics given by P(s’ | s, a), rewards R, and discount factor v €
(0, 1], with trajectories of states, actions and rewards 7 = (s, ag, 70, $1, a1,71, - - . )
induced by policy mg(a | s). The goal of an RL agent is to maximise the dis-
counted return

T-1
J(’/TG) = ETNTI'Q |: Z 7t T(Stv at):| )
t=0
with horizon T (finite or infinite). Defining the value functions (4)

V7 (s) =E[D>_v're | so=s],
>0

Q" (s,a) = E[Y_A'r | so=s,a0=al,

t>0

and the advantage
A™(s,a) = Q7 (s,a) — V7 (s),

The policy gradient theorem (43) gives the gradient of the objective function in
terms of the gradient of the log of the policy distribution:

Vod(mg) = Esaro, ammg [Ve logmg(a | s) A”S(s,a)],

where d™ is the discounted state visitation distribution and # parameterises the
policy, generally via a neural network (NN). In practice, one uses an estimator
A, (e.g., generalised advantage estimation (38)) and a learned baseline to reduce
variance.

In this work, we will utilise Proximal Policy Optimisation (PPO) (39), which
has become a state-of-the-art RL algorithm across many benchmarks. PPO sta-
bilises on-policy updates by constraining policy changes via a clipped surrogate
objective. The policy update magnitude is defined in terms of the importance
ratio

ri(0) = Zelelss

Togiq (at]0r) 7

and the clipped objective is then given in terms of the advantage estimator and
the change in the policy, and a parameter ¢ which controls the update trust
region:

Laip(0) = E, [min(rt(t?) Ay, clip(ry(8), 1—e, 1+¢) &)} .
The PPO policy gradient then updates the policy parameters as

Vodppo(8) = Vg Laip(0) + cent Bt [Vo H(mo(- | 0))]-
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Here, H(mo (- | 04)) is the entropy of the policy’s action distribution at observation
o0, which for discrete actions is

H(mo(- | 01)) = — Y _ mola | os) logmo(a | o).
acA

The coefficient cq,;>0 scales the entropy bonus to encourage exploration by
preventing premature collapse to low-entropy (overly deterministic) policies; it
is commonly annealed over training.

Multi-agent reinforcement learning. MARL is often formulated as a partially ob-
servable stochastic game (POSG) (20) (Z,S,{A:}, P, {r:},{O:},~), with agents
i € Z={1,..., N}. While the state space S remains the same as in the single
agent case, in contrast to the single agent, fully observable case, each agent, 1,
may only have access to a set of observations o;; € O; and is able to perform a
set of actions A;. Each agent has policy 7y, (a; | 0;), where each agent may have
its own parameterisation 6; of its policy; the joint policy factorizes as mg(a |
0) = vazl 7, (a; | 0;). The joint action/observation are a; = (a1,4,...,an.4),
0, = (01,4,---,0N,t); P(si41 | s¢,a) is the state transition kernel; the observa-
tion kernel (011 | st41,a:) generates next observations; r;(sy, a;) gives agent
i’s reward (so 7; ;=r;(s¢, a;)). The initial state distribution may also be provided
with So ~ Po-

Depending on the structure of the reward functions, the game can be zero-
sum (competitive), fully cooperative, or mixed-motive. Specifying a solution con-
cept in MARL is more challenging than in single-agent RL, where the goal is
simply to maximise return. In MARL, solution concepts are often borrowed from
Game Theory, such as Nash equilibrium, Pareto optimality, and best-response
dynamics (31). Thus, to fully specify a MARL problem, one needs to define both
the POSG together with an appropriate solution concept (1).

A central challenge in MARL is non-stationarity (6). Standard RL assumes
a stationary environment with fixed transition and reward functions. In MARL,
however, each agent’s policy updates change the effective dynamics faced by
others, making the learning problem much harder than in the single-agent case.
This undermines replay-based off-policy methods (12), since replayed experi-
ence quickly becomes stale. In contrast, on-policy algorithms (e.g., Indepen-
dent PPO (8)) are typically more robust because they update from recent, in-
distribution data.

For independent PPO, each agent maximizes its own objective

Ji(0;) = E[Z Vit

t

with per-agent advantage A\i,t. The PPO importance ratio for agent ¢ is r; . (6;) =
7o, (@i t]0i,t)

@) The per-agent clipped surrogate is then defined equivalently to the
9;_) i, i,

single-agent case, but not separately for each agent:

Eclim(ﬁi) = Et |:Hlln(’l"77t(07) A\i7t7 Clip(T‘Lt(Qi), 176, 1+6) A\i,t):| .
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The corresponding policy gradient for agent i therefore also mirrors the single-
agent case:

Vo, Jppo,i(0:;) = Vo, Ltip,i(0i) + Cent Bt [V& H(mo, (- | Oiﬂf))]’

where there will be a separate critic network for each agent with value-function
parameters (e.g., ¢;) updated by a separate squared-error loss; optionally, a
centralised critic can be used to compute A\itt with global information while
retaining decentralised execution (48).

Payoffs, welfare, and inequality. Each agent ¢ accrues an individual payoff equal

to its discounted return G; = EJ th_Ol v'ri+]; we denote the payoff profile by
G = (G4, ...,GnN). A strategic interaction is a social dilemma when individually

rational (self-interested) behaviour leads to outcomes that are Pareto-inferior to
more cooperative profiles (any change by any agent individually will lead to a
worse outcome for that agent), typically due to negative externalities and under-
provision of public goods (e.g., the tragedy of the commons).

There are different ways to define the welfare outcome (30; 5) of a given set
of policies. Utilitarian welfare is an aggregate of the total performance, defined
here as the average over discounted returns:

1 N
Wutil = N Z Gz
=1

On the other hand, egalitarian welfare emphasises the worst-off agent (Rawlsian
max—min) and is defined as:

Wegal = min  Gj.
i€{1,...,N}
These capture complementary desiderata: efficiency (high total output) versus
equity (no agent left behind).
Inequality, on the other hand, is often measured in economics by the Gini

coefficient (40), which summarises the dispersion of outcomes. One definition
uses pairwise differences:

o 1 N N
Gini(G1,...,Gy) = WI/VHZZ’Gi -Gyl

i=1 j=1
An equivalent computational form (with Gy < --- < G ordered) is

N
1
Gini = ———— 2i—N—1) G ;.
N Wit ;( )Gw
It is easier to see from the first formulation that the Gini coefficient is 0
under perfect equality (all G;=Wy41), and from the second, it can be seen that
it approaches 1 when a single agent captures nearly all returns.
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3 Related Work

Cooperation in multi-agent systems is often studied through sequential social
dilemmas in Markov games, where individually rational choices undermine long-
run collective welfare. Canonical gridworld environments such as CleanUp cap-
ture this tension. Research on promoting cooperation and fairness in MARL has
taken on a number of different directions.

Reward shaping for cooperation in sequential social dilemmas . In (22) Hughes et
al. extended inequity aversion from static games to Markov games (from state-
less to stateful), reshaping returns to reduce advantageous and disadvantageous
inequality and improving cooperation in intertemporal social dilemmas. This
reward shaping helps with temporal credit assignment and supports punishing
defectors. Lupu and Precup (27) introduced “gifting” — allowing agents to trans-
fer rewards to other agents — which stabilises prosocial behaviour and mitigates
early-stage tragedies of the commons. Mannion et al. (10) showed that Potential-
Based Reward Shaping (PBRS) in commons dilemmas (the Tragic Commons do-
main) can guide self-interested agents to conserve shared resources and achieve
collective gains without altering the Nash equilibria. Intrinsic rewards have also
been studied as a mechanism for influencing multi-agent behaviour (23).

Influence, reciprocity, and opponent shaping . Opponent-shaping methods like
LOLA (13) influence co-learners by anticipating their updates but require heavy
computation or unrealistic access. Recent work on reciprocal reward influence
(51) introduces intrinsic objectives for reciprocation without differentiating thro-
-ugh opponents, improving cooperation in matrix and sequential games.

Fairness via welfare optimisation in MARL . Zimmer et al. (52) formulated
fairness as optimising differentiable social welfare functions (e.g., generalised
Gini, lexicographic maximin, proportional fairness) in decentralised cooperative
MARL, using specialised architectures and policy-gradient methods. Jiang and
Lu (24) proposed FEN, a hierarchical decentralised framework optimising both
fairness and efficiency via sub-policy coordination. Domain-specific studies, such
as Aloor et al. (2) and Grupen et al. (15), report that fairness can be improved
with modest efficiency costs by incorporating fairness terms into reward functions
and using equivariant policies.

Online fair allocation and Nash social welfare . Beyond control tasks, online
decision-making with fairness objectives studies regret bounds for criteria like
Nash social welfare (49). Results show sharp regret rates in stochastic settings,
impossibility under adversarial bandit feedback, and restored tractability with
full-information feedback. These findings formalise the difficulty of optimising
equitable welfare online.
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Agents

Clean
Water

Fig. 1: CleanUp environment implemented in SocialJax (16). Grey shaded region
represents the agents limited field of view.

Dual-reward MARL . DE-MADDPG (41) and similar approaches separate global
and local critics to stabilise learning when optimising combined team and in-
dividual rewards, avoiding instability from entangled reward functions. Our
diminishing-returns utility can be seen as a single-signal alternative, implicitly
pricing the externality of being far ahead without requiring an explicit team-
reward channel.

Credit assignment and surplus sharing . Difference rewards (9; 46) are an es-
tablished credit assignment mechanism that quantifies individual contributions
while preserving desirable equilibrium properties. Shapley value-based credit as-
signment (45) has also been proposed to fairly distribute surplus in cooperative
MARL, improving stability and fairness.

4 Method

4.1 Experimental environment

We use the CleanUp environment from SocialJAX ! (16). In CleanUp, agents
collect apples for +1 reward/apple while keeping a shared river clean. Pollution
builds up over time. Agents can use a clean action to remove some pollution.
If pollution is high, apples stop regrowing; when the river is kept clean, apples
regrow faster. Thus, taking apples without cleaning hurts future yield, while
regular cleaning supports long-term rewards. Agents have a limited, egocentric
field of view around themselves, showing local tiles (free space, walls), apples,
river tiles with pollution level, and nearby agents. We process this local view
with a small convolutional encoder, which feeds into the policy network. Ac-
tions for each agent are: move up, down, left, right; pick (harvest an adjacent
apple); and clean (reduce pollution on an adjacent river tile). Cleaning has no
immediate reward but improves future regrowth; picking gives immediate reward

! https://sites.google.com/view /socialjax /home
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but can reduce future yield if overused. In our experiments, we configured the
environment to have 3 agents because this was computationally tractable for us.

SocialJAX is implemented in JAX, which compiles and batches environment
steps so one can run many copies in parallel on a single GPU/TPU. This is much
faster than CPU-based suites like Melting Pot (reported speedups of around 50—
140x for CleanUp), making experiments practical for limited compute. Even
so, full training still takes up to 4 hours on one GPU, indicating that the
environment remains challenging.

4.2 Algorithm and Model

We build on Independent PPO (IPPO) from JAXMARL (37) with parameter
sharing (17) across agents. Each agent acts from its local view, which we encode
with a small CNN (25) feeding two MLP (36) heads for policy and value.

We collect T-step rollouts from E parallel environments on a single GPU
and run PPO with a clipped objective, GAE()\), entropy bonus, minibatch SGD,
advantage normalisation, gradient clipping, and linear learning-rate decay. The
full pipeline—environment stepping, model forward, and updates—is written in
JAX, compiled with jit, and vectorised with vmap/scan, enabling fast end-to-
end training as in JAXMARL. All the code for this work will be fully open-
sourced upon publication.

4.3 Reward shaping

In order to address the limitations of the fully independent and fully cooperative
reward functions, we considered two reward shaping approaches (32; 47).

Fractional team reward: The most naive extension of the two extreme cases
is a reward function that is a mix of the two. Intuitively, agents should be
rewarded for picking up apples themselves, but also receive a smaller reward for
when others pick up apples. One would imagine that this would lead to a more
balanced behaviour, where agents are not only looking out for themselves, but
also for others.

We define the reward function as follows:

ind co
ri =" P

where 714 is the independent reward function and r{°" is the cooperative
reward function. The independent reward function for each agent is simply a
reward of +1 for picking up an apple and 0 otherwise. The cooperative reward

function is defined as

riP=a- Z T,
je—i
where —i is the set of all agents excluding 7, and « controls the magnitude
of the cooperative reward. Typically, we set @ = 0.1, which means that agents
receive a reward of 0.1 for each apple picked up by other agents.
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— Individual Reward
Team Reward

Apples Collected

Apples Collected
Apples Collected
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T 3 ] T 3

8§ T 3
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(a) Agent 0 (b) Agent 1 (c) Agent 2

Fig. 2: Individual vs Team Rewards. Total apples collected by each agent per
episode over the course of training.

Inequality-aware diminishing returns: In the second approach, we scale an
agent’s apple reward by how different its returns are from the agent with the
highest return so far. Let ¢;(t) be the cumulative apples collected by agent i up
to time ¢, and let cmax(t) = max; ¢;(t). Define the normalised count

ci(t)
El(t) = Cmax(t)
0 if Cmax(t) =0,

if cax(t) > 0,

and let r, be the standard reward for picking up an apple. We add a small bias
b > 0 so there is always some benefit to picking more apples. The shaped reward
when an apple is picked by an agent is then

. 1—=2¢(t)) +b if cmax(t) > 0,
T;neq(t) _ ( ( )) a. ( )
1 if cmax(t) =0 .
Thus, the current leader (with & = 1) receives b for additional apples (we use
b ~ 0.1), which provides a small incentive to raise the maximum while still

making it more valuable in the long run to clean so others can catch up. Agents
with fewer apples than the leader earn a larger fraction of the apple reward.

5 Experiments

We compared the joint team policies learnt (in terms of total output and inequal-
ity) under four different reward functions — team reward, individual reward,
fractional rewards and diminishing rewards.

5.1 Independent vs. team rewards

Our hypothesis is two-fold: (i) a team reward will increase total productivity, and
(ii) it will induce specialisation—some agents harvest while others clean—which
creates inequality in apples collected across agents. To test this, we compare
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Fig.3: Gini coefficient and total team productivity with respect to apples col-
lected by the agents over the course of training. The Gini coefficient is a measure
of inequality, where 0 is perfect equality and 1 is perfect inequality.

agents trained with independent rewards against agents trained with a shared
team reward. Figure 3a shows total apples per episode over training. It is clear to
see that under the team reward, agents can collect many more apples per episode
than under the independent reward. However, there is an uneven distribution of
apples collected by the agents. To quantify the inequality, we compute the Gini
coeflicient of the apples collected by the agents and plot the result in Figure 3b
alongside the total productivity of the team.

5.2 Fractional rewards

To compare the effectiveness of the
fractional reward, we plot the total
number of apples collected by the
team against that of the team trained
using a fully independent reward. We —
tested different team reward weights

. Finally, to see the effect it had Fig.4: Fractional team rewards with
on inequality, we plot the Gini coeffi- varying team reward weight .

cients during training and the results

are shown in Figure 4.

Total Episode Apples

EN I
Environment Steps

5.3 Inequality aware diminishing returns

We once again plot the per-agent number of apples collected over the course of
training. In Figure 5, one can see that initially the agents learn to pick apples
greedily, like in the independent reward case. However, after a brief plateau,
the agents transition to collecting significantly more apples. Suggesting that
they have learnt the benefit of cleaning the river and have learnt to share the
apples that are grown. When we once again plot the Gini coefficient and total
productivity over time, we see that the team’s productivity approaches that of
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Apples Collected

Apples Collected
Apples Collected

T 3 ] T 3 8§ T 3

I I 3 i 5 ¢
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(a) Agent 0 (b) Agent 1 (c) Agent 2

Fig.5: Per agent number of apples collected over the course of training. The
agents learn to pick apples greedily, like in the independent reward case. However,
after a brief plateau, the agents then suddenly start to collect significantly more
apples. Suggesting that they have learnt the benefit of cleaning the river and
have learnt to share the apples that are grown.
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(a) Total Team Apples (b) Gini Coefficient

Fig.6: Gini coefficient of the apples collected by the agents over the course of
training. The Gini coefficient is a measure of inequality, where 0 is perfect equal-
ity and 1 is perfect inequality.

the fully cooperative team, while simultaneously the inequality remains at levels
similar to that of the independent reward case. This is a clear indication that
the agents have learnt to share the apples that are grown and have learnt to
clean the river. Moreover, it is to be expected that the total productivity will
be slightly lower than the fully cooperative reward because a price is paid for
not letting the agents specialise (i.e. some clean and some pick). However, the
gains in terms of equality and fairness may make the sacrifice in productivity
worthwhile, depending on the setting and the objectives.

5.4 Summary of findings

Finally, to summarise our findings for all of the different reward settings, we
provide a table with different measures of the performance of the agents. In
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Table 1: Summary of performance across reward schemes. Outcome in terms
of total apples collected, utilitarian welfare, egalitarian welfare, and the Gini
coefficient.

‘ Reward ‘ Total ‘ Utilitarian ‘ Egalitarian‘ Gini ‘
Independent| 67.3 22.4 20.6 0.05
Shared 723.4| 241.1 116.1  |0.33
Fractional | 90.6 30.2 24.9 0.11
Diminishing | 573 191.2 173.8 10.07

particular, we consider the total apples collected by the agents, the Gini co-
efficient of the apples collected by the agents, the utilitarian welfare and the
egalitarian welfare. We can see from the table that the fractional team rewards
only marginally increased team productivity, but also increased the inequality
slightly. The Egalitarian welfare also only went up slightly. Diminishing returns,
on the other hand, significantly improved total team yield over independent
rewards, nearly achieving the levels of the shared reward. Moreover, the Egale-
terian welfare of the diminishing returns was actually higher than for the shared
reward. Finally, the inequality only went up slightly and was still significantly
better than the shared rewards.

6 Conclusion

In this work, we investigate how welfare and inequality considerations can be
used to improve the policy of agents in a MARL setting, such that the so-
ciety remains reasonably socially balanced, while overall performance is not
badly affected. We studied how reward design can steer prosocial behaviour in
a stylised multi-agent social dilemma. In an apple-harvesting environment that
balances private gains (harvesting) with a public good (cleaning), we compared
independent rewards, fully shared team rewards, fractional team rewards, and
an inequality-aware diminishing-returns shaping. Independent rewards harmed
long-run productivity via over-harvesting; shared rewards delivered high output
but high inequality; fractional spillovers were too weak. Inequality-aware dimin-
ishing returns nearly matched the shared-reward output while keeping inequality
low, with agents shifting from early greedy harvesting to later cleaning.

This pilot study on balancing productivity and equality /fairness in MARL
indicates some important results for both MARL, but potentially beyond, to
true social interactions between humans and between humans and agents. The
environment and models are deliberately simple, focusing on on-policy learning,
shaping with global statistics and with intuitive metrics. Noteably, we have not
studied generalisation, or application to more complex settings, in order to high-
light the simplicity of the approach. It is clear that there are other avenues that



14 C. Formanek et al.

will be important to explore in the future, including ethical trade-offs around
specialisation. Despite these constraints, we believe that this study highlights
inequality as a controllable dimension alongside aggregate performance.

Future work should generalise and test diminishing returns across diverse so-
cial dilemmas, learn shaping functions from data or welfare objectives, combine
with centralised critics or communication, and study robustness and incentive
compatibility. A key direction is evaluating large LLM agents in analogous set-
tings, comparing prompt-only steering with training under diminishing-returns
rewards to reduce over-optimisation for individual benefit. Overall, simple re-
ward shaping appears promising for retaining most efficiency gains of coopera-
tion while materially reducing inequality.
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